Motivation: Distinguishing between amyloid fibril-forming and amorphous -aggregating aggregation-prone regions (APRs) in proteins and peptides is crucial for designing novel biomaterials and improved aggregation inhibitors for biotechnological and therapeutic purposes. Results: Adjacent and alternate position residue pairs in hexapeptides show distinct preferences for occurrence in amyloid fibrils and amorphous -aggregates. These observations were converted into energy potentials that were, in turn, machine learned. The resulting tool, called Generalized Aggregation Proneness (GAP), could successfully distinguish between amyloid fibril-forming and amorphous -aggregating hexapeptides with almost 100 percent accuracies in validation tests performed using non-redundant datasets. Conclusion: Accuracies of the predictions made by GAP are significantly improved compared with other methods capable of predicting either general -aggregation or amyloid fibril-forming APRs. This work demonstrates that amino acid side chains play important roles in determining the morphological fate of -mediated aggregates formed by short peptides.
INTRODUCTION
Protein folding and aggregation are among the most important unsolved problems in biochemistry. In the past few decades, protein misfolding and aggregation have attracted much research interest not only because of their roles in conformational diseases, such as Alzheimer's and other amyloid neuropathies (Adams et al., 2012; Checler and Turner, 2012; Liu et al., 2012) , but also because well-ordered aggregates can lead to the design of novel nanomaterials with desired characteristics (Cherny and Gazit, 2008; Knowles and Buehler, 2011; MacPhee and Dobson, 2000) . Aggregation is also a major hurdle in the commercial manufacturing of biotechnology products such as enzymes and biopharmaceuticals (Agrawal et al., 2011; Buck et al., 2012; Kumar et al., 2010) . Aggregates formed by proteins and peptides exhibit a wide range of morphologies ranging from amorphous to well-defined amyloid fibrils with characteristic X-ray reflections (Eisenberg et al., 2006; Sawaya et al., 2007) .
Formation of amyloid fibrils by short peptides is sequence dependent when all other parameters such as pH and concentration remain the same, indicating a role for side chains in the -mediated aggregation process (Dobson, 1999; Lopez de la Paz and Serrano, 2004; Maurer-Stroh et al., 2010) . In a pioneering work from Serrano's laboratory, variants of a designed amyloid fibrilforming peptide, STVIIE, were tested for amyloid fibril formation at neutral and low pH (Lopez de la Paz and Serrano, 2004) . This study provided valuable datasets of hexapeptides that form amyloid fibrils and those that form amorphous -aggregates. The dataset of amyloid fibril-forming hexapeptides was expanded by the developers of WALTZ software, who derived position-specific matrices to further elucidate the rules for amyloid fibril formation in hexapeptides (Maurer-Stroh et al., 2010) . Moreover, several computational methods have been developed to identify the aggregation-prone regions (APRs) in proteins and peptides using descriptors such as -strand propensity, hydrophobicity and charge (Belli et al., 2011; de Groot et al., 2012; FernandezEscamilla et al., 2004; Maurer-Stroh et al., 2010; Pawar et al., 2005; Tjernberg et al., 2002; Trovato et al., 2007) . Analyses of the available experimental data on hexapeptides that form amyloid fibrils (amyloid peptides) and those that form amorphousaggregates but not amyloid fibrils (amorphous -aggregating peptides) enabled us to decipher rules that distinguish amyloid fibril hexapeptides from amorphous -aggregating peptides (Thangakani et al., 2013) . It was observed that amyloid fibril hexapeptides have position-specific amino acid propensities that are distinct from those of the amorphous -aggregating hexapeptides. By converting the position-dependent differences in amino acid propensities observed for the two types of hexapeptides into energy potentials, an algorithm to predict amyloid fibril peptides was devised. This algorithm compared well with the predictive levels of currently available algorithms (Kumar et al., 2010) . However, there was scope for further improvement.
In the present work, we extend our approach and probe propensities for various pairs of residues to occur simultaneously at alternate and adjacent position pairs in the -strand hexapeptides that form amyloid fibrils or amorphous -aggregates. We report the development of an algorithm [Generalized *To whom correspondence should be addressed. Aggregation Proneness (GAP)] that identifies both amyloid fibril and amorphous -aggregate-forming hexapeptides with nearly 100 percent reliability (496% accuracy). Furthermore, the performance of GAP was evaluated on five additional, but nonredundant, datasets that were not used in training this program. In all these datasets, GAP performed with significantly improved accuracy levels when compared with other commonly used methods for aggregation prediction. At a fundamental level, success of GAP demonstrates that propensities of amino acid residues to occur at adjacent and alternate position pairs may be crucial for determining the morphological fate of -strand-mediated aggregates formed by short peptides. This observation complements the well-studied role of polypeptide backbone toward initiating aggregation in peptides and proteins (Chiti et al., 1999; Eakin et al., 2006) . Besides accurately identifying potential APRs, GAP also predicts whether the APRs shall form amorphous -aggregates or amyloid fibrils. This tool is expected to find several applications in both fundamental protein science and biotechnology. The three most important applications of GAP include the (i) ability to rationally design peptide-based nanomaterials with finely tuned morphologies and physical characteristics (Cherny and Gazit, 2008; Knowles and Buehler, 2011) , (ii) improved identification of proteins in human and animal proteomes whose aggregation could lead to diseases and (iii) improved ability to identify different types of APRs in biopharmaceuticals and industrial enzymes (Agrawal et al., 2011; Buck et al., 2012; Kumar et al., 2010) . Furthermore, it is anticipated that reliable identification of APRs in peptides and proteins shall facilitate design of novel aggregation inhibitors, for their use as therapeutic agents as well as biotechnological excipients, and protein engineering efforts to improve solubility via APR disruption (Agrawal et al., 2011; Buck et al., 2012; Kumar et al., 2010) . Improved ability to identify APRs shall also enable fundamental research into relationships of aggregation with protein folding and function (Buck et al., 2013) .
METHODS

Datasets of amyloid-forming peptides and non-amyloid peptides
In our earlier work (Thangakani et al., 2013) , we have collected a set of 139 amyloid fibril-forming hexapeptides (Amyl139), called amyloid peptides for short, and 168 amorphous -aggregating hexapeptides, called amorphous -aggregating peptides (Amor168) (Lopez De La Paz and Serrano, 2004; Maurer-Stroh et al., 2010) . These hexapeptides constitute our training set. The performance of our methods was tested on five different datasets:
(i) Hex40: 40 amyloid fibril-forming hexapeptides of non-identical sequences that are different from those in Amyl139. (ii) Amyl310: 310 amyloid fibril-forming peptides with lengths 7-71. (iii) AmylCryst15: 15 hexapeptides whose amyloid microcrystal structures are available from the Protein Data Bank (PDB) (Rose et al., 2013) . The total number of hexapeptides with fibrillar crystal structures in the PDB is 24. However, 9 of these 24 hexapeptides are also present in the dataset of amyloid peptides used for training our method. These peptides were removed from AmylCryst for the sake of non-redundancy. (iv) Twelve Sup35-derived peptides (Maurer-Stroh et al., 2010) . (v) Seventeen peptides derived from the N-terminal segment of huntingtin (Roland et al., 2013) .
Hex40 and Amyl310 datasets were derived from the dataset used by Thangakani et al. (2012 Thangakani et al. ( , 2013 . Hex40 and AmylCryst15 do not have any sequences in common, either with each other or with the training dataset of 139 amyloid peptides. All the datasets used in this work are given in Supplementary Tables S1-S3. Figure 1 shows a schematic diagram based on conformational details of a -strand. A -strand is a helical repeating pattern with two residues per turn (Creighton, 1993) , implying that the residues that are next to each other in the amino acid sequence (K, K þ 1) fall on alternate (opposite) faces of the helix, and the residues that are adjacent to each other on the same face of the helix are separated by a residue in the sequence (K, K þ 2). For each alternate (K, K þ 1; 1-2, 2-3, 3-4, 4-5 and 5-6) and adjacent (K, K þ 2; 1-3, 2-4, 3-5 and 4-6) residue pairs in 139 amyloid (Amyl139) and 168 amorphous -aggregating hexapeptides (Amor168), we have computed frequencies of residue pair types (i,j, where i and j are the 20 amino acids found in proteins) by using the following equation (Gromiha, 2010; Ou et al., 2013) :
Residue pair composition
where n i,j is the number of residues of type i that are either adjacent or alternate to residues of type j, and N is the total number of hexapeptides (i.e. 139 for Amyl139 and 168 for Amor168). In total, nine different matrices were developed for amyloid fibrils accounting for each position-wise residue pair (alternate pairs, 1-2, 2-3, 3-4, 4-5 and 5-6; adjacent pairs, 1-3, 2-4, 3-5 and 4-6, see Fig. 1 ). Similarly, a separate set of nine different matrices was also developed for amorphous -aggregating peptides. The total number of residue combinations is 400 (20 Â 20) at each alternate or adjacent position pair.
Position pair-specific amino acid propensities
We have converted the composition of amino acid residue pairs at nine different pairs of positions of hexapeptides into propensities by normalizing them with an overall composition of residue pairs in globular proteins at adjacent and alternate positions (Thangakani et al., 2012 (Thangakani et al., , 2013 . The propensity of amino acid residue pairs [Propen(i,j) ] at different pair positions is given by
where Compglob(i,j) is the composition of residues of type i that are at K, K þ 1 or K, K þ 2 sequence positions with residues of type j within a set of globular protein sequences (Gromiha, 2010; Gromiha et al., 2005) . 
Energy potentials
The residue pair propensities to occur at adjacent or alternate pair positions in Amyl139 and Amor168 peptides were treated as partition functions and converted into thermodynamic energy potentials ['(i,j) ] by using the following equation:
where R is the universal gas constant, and T is the thermodynamic temperature. These energy potentials were used to obtain the potential difference for each residue pair type (i,j) to occur at alternate and adjacent positions in amyloid and amorphous -aggregating hexapeptides using the following equation:
2.5 Distinguishing between amyloid fibril-forming and amorphous b-aggregating hexapeptides using machine learning techniques
Several machine learning techniques, including Bayesian function, neural network, radial basis function network, logistic function, support vector machine, regression analysis, nearest neighbor, meta learning and decision tree and rules, implemented in WEKA (Witten and Frank, 2005) were tested for distinguishing between amyloid and amorphous -aggregating hexapeptides. The details of all these methods are available in our earlier article (Gromiha and Suwa, 2006) . We have used the energy potentials obtained from the difference between Amyl139 and Amor168 hexapeptides for the nine residue pairs as input features for these methods.
Assessment of predictive ability
We have performed 20-, 10-and 5-fold cross-validation tests for assessing the predictive ability of each machine learning technique used in the present work. In this procedure, the available dataset (139 amyloid and 168 amorphous -aggregating hexapeptides) is divided into n groups, and n À 1 of them are used for training a machine learning method. The rest is used for testing the method. The same procedure is repeated n times so that each datum is used at least once in the test. We have used different measures, namely, sensitivity, specificity, accuracy and precision to assess the performance of machine learning methods toward distinguishing between Amyl139 and Amor168 peptides. Sensitivity shows the correct prediction of amyloid peptides, specificity is the correct prediction of amorphous -aggregating peptides and accuracy indicates the overall assessment. These terms are defined as follows (Gromiha, 2010) :
where TP is amyloid peptides correctly predicted as amyloid peptides, FP is amorphous -aggregating peptides incorrectly predicted as amyloid fibril-forming peptides, TN is amorphous -aggregating peptides correctly predicted as amorphous -aggregating peptides and FN is amyloid peptides incorrectly predicted as amorphous -aggregating peptides.
These also refer to the number of true positives, false positives, true negatives and false negatives, respectively. In addition, we have used the ROC (receiver-operating characteristic) curve to assess the performance of each machine learning technique used in this work. An ROC curve is a plot connecting the true-positive rate (sensitivity) and falsepositive rate (1-specificity). It can be interpreted numerically using a parameter called AUC (area under the curve). There are several programs available in the literature that can perform ROC analyses and compute AUC (Sonego et al., 2008) .
Calculation of Z-score
Z-scores were calculated to test the significance of GAP scores for the 17 peptides given in Supplementary Table S2 (Roland et al., 2013) . For i
where and are mean and standard deviations of GAP scores computed for the 17 peptides, respectively.
RESULTS
Alternate and adjacent residue pair compositions in amyloid fibril and amorphous b-aggregating peptides
We have computed alternate and adjacent residue pair propensities for all the hexapeptides in amyloid fibril (Amyl139) and amorphous -aggregating (Amor168) datasets and converted them into statistical potentials (see Section 2). The preferred adjacent and alternate residue pairs in Amyl139 and Amor168 datasets are shown in Table 1 . Some of the preferred residue pairs at different positions of Amyl139 and Amor168 hexapeptides are common (e.g. Ser-Thr at positions 1-2; Leu-Val at 2-3, Phe-Phe, Val-Ile/Leu at positions 3-4; Glu/Phe/Val-Ile and SerPhe at positions 3-5), indicating that these pairs may be important for initial 'homing in' of the self-associating -strands that eventually nucleate aggregation. Besides these common residue pairs, several other preferred residue pairs are different between Amyl139 and Amor168. These different residue pairs may be crucial for deciding the morphological fate of the peptide aggregates and therefore can be used for distinguishing between amyloid fibril and amorphous -aggregating peptides. The comparison of residue pair preferences in -strands extracted from the globular proteins with Amyl139 (or Amor168) showed that the distribution of residue pairs to occur at alternate and adjacent position pairs is mostly uniform in the -strands from globular proteins, whereas the hexapeptides in both Amyl139 and Amor168 datasets show distinct position-pair-specific preferences. Furthermore, the residue pair preferences are different between the -strands in the globular proteins and the hexapeptide datasets and are used to parameterize GAP. For example, the hydrophobic residue pairs, Ala-Ala, Ala-Leu, Ala-Gly, Leu-Ala, Leu-Leu, Gly-Gly, Gly-Leu and Val-Ala, are highly preferred at the alternate faces of -strands in globular proteins. These residue pairs are favored neither in the peptides contained in Amyl139 nor in Amor168 datasets. Conversely, the residue pairs that are preferred in Amyl139 or Amor168 are not favored in the -strands from globular proteins. Further, we analyzed the preference of residue pairs in amyloids and disordered regions (Supplementary Table S4 ). We noticed that the residue pairs are dominated with charged and polar residues in disordered regions. In addition, Ala preferred to pair with other residues in all alternate and adjacent positions. The distinct preferences of residue pairs in disordered regions and amyloids could distinguish both peptides with an accuracy of 99%. Overall, these observations indicate that amino acid residue side chains play important roles in determining not only whether a solventexposed -strand would aggregate but also the morphological fate of the aggregate.
Energy potentials derived from amino acid pair propensities
To distinguish between amyloid and amorphous -aggregating hexapeptides, the energy potentials (ÁE) for all amino acid residue pairs (20 Â 20 matrices) to occur at nine different pair positions (adjacent and alternate) in Amyl139 and Amor168 were computed using Equation (3) described in Section 2. The energy potential differences (ÁÁE) for residue pairs to occur at a given position pair in amyloid and amorphous -aggregating hexapeptides were also computed [Equation (4) in Section 2]. The preferred residue pairs (Supplementary Table S4 ) in Amyl139 are dominated by the combinations of both aliphatic/aromatic or aliphatic and aromatic residues. This is less prevalent in case of the Amor168 peptides (Supplementary Table S5 ). In both Amyl139 and Amor168, the numbers of preferred polar-polar, polar-charged and charged-charged residue pairs are small: one (Ser-Thr at position pairs 1-2) in Amyl139 and none in Amor168. These results are consistent with our earlier observations on distinct position-specific preferences between amyloid and amorphous -aggregating hexapeptides (Thangakani et al., 2013) . The difference in energy values for all the residue pairs plays a key role in distinguishing between amyloid and amorphous -aggregating peptides, and these may be reflected in aggregation kinetic differences between the two types of hexapeptides. Moreover, aggregation may be triggered with the combination of two adjacent and/or alternate residue pairs, which is reflected in the energy difference ÁÁE. Therefore, the use of ÁÁE values for residue pairs at different positions could successfully distinguish between Amyl139 and Amor168 hexapeptides.
Machine learning can distinguish between amyloid and amorphous b-aggregating hexapeptides
We have used several machine learning techniques for distinguishing between Amyl139 and Amor168 hexapeptides, and the results are presented in Table 2 . The parameters used in each machine learning technique are given in Supplementary  Table S6 . We have considered nine features based on the residue pairs and their locations in all the considered hexapeptides as input for training and cross-validation. The performance was measured in terms of accuracy, sensitivity and specificity of the predictions (see Section 2). The Bayesian network-based method performed the best. It yielded a 10-fold cross-validation accuracy of 96% along with the highest sensitivity (135 peptides, 97.1%) obtained by using statistically derived position-specific residue pair energy potentials. We have also evaluated the performance using residue pair composition and specific pair position propensities. We observed similar results, and the energy-based potentials showed 2% higher accuracy than the other features. To further test the accuracy of GAP, additional datasets of amyloid fibril-forming datasets were used. In particular, a new dataset of 40 amyloid fibril-forming peptides (Hex40) was added to the cross-validation. Supplementary Table S7 shows the performance of GAP on these peptides with several measures of assessment. Our method could distinguish between amyloid fibril and amorphous -aggregating hexapeptides with a 10-fold cross-validation accuracy of 93.7%. The sensitivity and specificity are 95.5 and 91.7%, respectively. GAP also correctly predicted 14 of the 15 hexapeptides in the AmylCryst15 dataset. Unfortunately, similar data on peptides that form amorphous -aggregates are not available in the literature. Therefore, further testing of GAP is limited to amyloid fibril-forming peptides only.
Assessment using peptides of different lengths
GAP was tested on 310 amyloid fibril-forming peptides of different lengths (Amyl310). The following strategy was used to predict whether a query peptide is amyloid firbil forming: The peptide sequence is divided into six-residue-long windows that slide by one residue at a time. For each window, the scores for amyloid fibril formation and amorphous -aggregation are (Giasson et al., 2001; Iconomidou et al., 2013; Pike et al., 1995) are shown in Figure 2 . Relatively long peptide sequences were chosen here to demonstrate that GAP can work well with long peptide sequences also, even though it has been trained using data on short six-residuelong peptides. For each peptide, the probability of forming amyloid fibrils and amorphous -aggregates are shown for all overlapping hexapeptides. Figure 2a shows the marked difference between the probabilities for amyloid and amorphoushexapeptide segments and average probability (0.998) for the whole -synuclein peptide 61-80 favors amyloid fibril formation, in agreement with experimental observations. Both the peptides, Myoglobin and A peptide, shown in Figure 2b and c have high probabilities for amyloid fibril-forming hexapeptide segments for most of their lengths. The average probabilities of forming amyloid fibrils by these peptides are 0.889 and 0.860, respectively. The 71-residue huntingtin peptide has the average probability of 0.948 for amyloid fibril formation, and Figure 2d shows that most of the overlapping hexapeptide segments prefer to form amyloid fibrils. These validation examples demonstrate that GAP recognizes APRs in peptide sequences with high fidelity.
Influence of specific residue pairs on predictive power of GAP
Use of propensities for different pairs of amino acid residues to occur together at alternate and adjacent faces of a -strand in our method is a key difference between GAP and other methods currently available in the literature. Table 3 analyzes how residue pairs at specific positions contribute toward predictive power of GAP. Both types of residue pairs, alternate as well as adjacent, make important contributions toward determining the morphological fate of a peptide as amyloid fibril or amorphous -aggregate. However, the alternate residue pairs are better at making the above distinction. The importance of each position pair was also evaluated (Table 3) , and the core residue pairs (positions 2-3, 2-4, 3-4, 3-5 and 4-5) were found to be essential for distinguishing between amyloid fibril and amorphous -aggregating peptides. However, using all position pairs together leads to significant improvement in the performance. An attempt to combine position-specific single residue propensities from our previous work (Thangakani et al., 2013) and the residue pair propensities from this work was also made. This did not improve the performance, indicating that position-specific residue pair propensities may be optimum for the prediction of APRs.
Benchmarking the performance of GAP
Simultaneous parameterization for the formation of amorphous -aggregates and amyloid fibrils is unique to GAP. As far as we know, no other method available in the literature can simultaneously distinguish between amyloid fibril-forming and amorphous -aggregating peptides, except for the one developed earlier by our group (Thangakani et al., 2013) . This limits our ability to directly compare GAP with the other methods and benchmark its performance. Notwithstanding this limitation, comparing the performance of GAP with five commonly used methods, namely, PAGE, AGGREGSCAN, TANGO, WALTZ and Amylpred2 (Table 4) , proved insightful. Here, correct identification of the peptides in Amyl139 and Amor168 datasets by different methods was used as benchmark for evaluating their performances. PAGE and AGGREGSCAN performed well at correctly identifying amyloid fibril-forming peptides in Amyl139 (122 and 120 hexapeptides, respectively), but not at correctly identifying peptides in the Amor168 dataset (14 and 63, respectively). On the other hand, TANGO correctly identified 155 (92.3%) of amorphous -aggregating hexapeptides in Amor168, but only 31 (22.3%) of the hexapeptides in the Amyl139 dataset. The above observations can be rationalized on the basis of data used in parameterization of these programs (Conchillo-Soleé t al., 2007; Fernandez-Escamilla et al., 2004; Tartaglia et al., 2004) . TANGO was developed to predict -strand-mediated aggregation, in general, and is not specific to amyloid fibril morphology (Fernandez-Escamilla et al., 2004; Maurer-Stroh et al., 2010) . The performance of WALTZ was found to be superior to other methods for both Amyl139 (81.3% correct predictions) and Amor168 (77.6% correct predictions). WALTZ uses position-specific matrices developed specifically for amyloid fibril morphology (see Supplementary Material in Maurer-Stroh et al., 2010) , and several peptides in Amyl139 were also used in the training set of WALTZ. Therefore, its high performance on Amyl139 dataset was expected. However, its high performance for the Amor168 dataset is surprising and shows that this method is able to correctly identify amorphousaggregating hexapeptides also. Our previous method using position-specific residue potentials of hexapeptides performed at par with WALTZ (Table 4) . It correctly predicted 111 (of Amyl139) and 140 (of Amor168) hexapeptides as amyloid fibrils and amorphous -aggregating, respectively. The second-generation consensus-based method, Amylpred2, correctly identified 138 (99.3%) of the 139 peptides in Amyl139, but only 48.8% (82) of the peptides in Amor168. In comparison with the above programs, GAP was able to correctly identify both amyloid fibril-forming amorphous -aggregating hexapeptides with high sensitivity (97.1%) and specificity (95.2%).
To further benchmark the performance of GAP with other algorithms, the amyloid fibril-forming peptides from three different experimentally validated datasets, Hex40, AmylCryst15 and Amyl310 were also used ( Table 4 ). The sequences contained in the above datasets did not form part of the training datasets for GAP. However, it is unknown to us whether these sequences were used in parameterization of the other programs. PAGE correctly identified all the peptides in Hex40, AmylCryst15 and Amyl310. TANGO and WALTZ correctly identified 71.6 and 47.1%, respectively, of the peptides in Amyl310. In the other two datasets, Hex40 and AmylCryst15, fewer than three (510% of the peptides) haxapeptides were correctly identified by TANGO and WALTZ. Amylpred2 correctly predicted in the range of 59-80% in Hex40, AmylCryst15 and Amyl310 datasets (Table 4) . Our earlier method predicted 13 and 7 peptides as amyloid fibrils in Hex40 and AmylCryst15, respectively. In comparison with the above methods, GAP consistently performed at the accuracy levels of !90% (Table 4 ).
GAP was also tested on 48 experimentally determined amyloid fibril-forming peptide segments of different lengths from 33 well-known amyloidogenic proteins (Tsolis et al., 2013) . It correctly predicted 47 (98%) of them (Supplementary Table S8 ). Further, developers of WALTZ (Maurer-Stroh et al., 2010) Note: Specificity and sensitivity are given for Amor168 and all other datasets, respectively. PAGE0, aggregation score (lnP) of50 is considered as amyloid; PAGE5, aggregation score (lnP) of 5À5 is considered as amyloid. had benchmarked the performance of their method by using 12 Sup35-derived 10-residue-long peptides that were shown form amyloid fibrils experimentally. The performance of GAP along with other prediction methods TANGO, WALTZ and Amylpred2 is shown in Supplementary Table S1 . GAP correctly predicted all the 12 peptides (100% sensitivity). These peptides were not part of training set for GAP. Previously, the maximum sensitivity of 67% was attained by WALTZ. Recently, Roland et al. (2013) have tested abilities of four aggregation prediction methods, namely, Zyggregator, TANGO, WALTZ and Zipper using a dataset of 15 scrambled peptide sequences derived from 18-residue-long N-terminal segment of huntingtin (htt NT Q) that forms -helix-rich aggregates under physiological conditions. They report that 5 of the 15 peptides form -rich amyloid fibrils under the nearly physiological conditions described in the report. In addition, two more peptides were found by the authors to form amyloid fibrils at higher concentrations. The Lys6Ala mutant of the parent peptide (htt NT Q K6A ) was also reported to form amyloid fibrils. Overall, Roland et al. (2013) studied 17 peptides, and 8 of these form amyloid fibrils, whereas the remaining 9 do not form any detectable aggregates under the reported conditions. These peptides were again not part of training set for GAP. GAP is able to distinguish between amyloid fibril-forming peptides and non-aggregating peptides, but not perfectly. Other algorithms had also performed poorly on this set of peptides [see Table 1 in Roland et al. (2013) ]. Supplementary Table S2 and Supplementary Figure SF2 show the results obtained from the predictions made by GAP on this set of 17 peptides. For each peptide, the GAP score was computed as the average of amyloid fibril-forming probabilities for all the overlapping hexapeptide segments of the peptide obtained by sliding a window of six residues, one residue at a time, along the peptide sequence. The average GAP score for 17 peptides in the study by Roland et al. (2013) is 0.735 AE 0.087 (range, 0.563-0.932). For the eight peptides that form amyloid fibrils, the average GAP score is higher at 0.772 AE 0.084 (range, 0.684-0.932). On the other hand, the average GAP score for the 9 peptides that do not aggregate is lower (0.702 AE 0.081; range, 0.563-0.797) than the average for all 17 peptides. Supplementary Figure  SF2 plots the Z-scores obtained using Equation (9) in Section 2 for all the 17 peptides. A line at zero Z-score is drawn in this figure. It can be seen that five of eight amyloid fibril-forming peptides fall above the line, that is, their GAP scores are more than the average GAP score for this set of peptides. Similarly, five of nine non-aggregating peptides fall below this line. It should be noted here that Roland et al. (2013) performed these experiments at near-physiological conditions. GAP was trained on hexapeptides for which the experiments were performed under non-physiological conditions (Lopez de la Paz and Serrano, 2004; Maurer-Stroh et al., 2010; Thangakani et al., 2013) . Comparatively low peptide concentrations in the experiments by Roland et al. (2013) could be another factor.
Limitations of GAP and future directions
The benchmarking studies described above show that despite substantial improvements in predictive power of GAP, there are limitations to GAP. The experimental data used in the parameterization of this program (Lopez de la Paz and Serrano, 2004; Maurer-Stroh et al., 2010) were restricted to measurements at the single peptide concentrations at acidic and neutral pH. Hence, although our method is able to discriminate between amyloid fibril-forming and amorphous -aggregating peptides to high degrees of sensitivity and specificity, it is not yet able to predict the effect of concentration and pH on aggregation behavior of the hexapeptides. The method was developed with a small dataset of 139 amyloids and 169 amorphous peptides and shall need further refinements when additional data become available. Another potential improvements to GAP shall be the ability to predict for a given hexapeptide region, its propensity to form a -strand, amorphous -aggregates and amyloid fibrils in a step-wise manner. Further, the work on the effect of mutations on aggregation propensity of peptide and protein sequences is also in progress.
CONCLUSION
The amino acid sequences of amyloid fibril-forming and amorphous -aggregating hexapeptides show distinct residue pair preferences to occur at adjacent and alternate positions. This observation enabled us to derive statistical potentials for amino acid residue pairs to simultaneously occur at the alternate and adjacent position pairs in hexapeptides that have been experimentally shown in the literature to from either amyloid fibrils or amorphous -aggregates. These residue pair preferences have been used to develop a new tool called GAP. GAP is capable of accurately identifying APRs in protein and peptide sequences and also distinguishing whether the predicted APRs shall predominantly form amyloid fibrils or amorphous -aggregates. This work also improved our fundamental understanding of -strand-mediated aggregation process by highlighting the role of side chains in determining the morphological fate of the aggregates.
